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Abstract
Large language models often generate factually
incorrect outputs, motivating efforts to detect
the truthfulness of their content. Most exist-
ing approaches rely on training probes over
internal activations, but these methods suffer
from scalability and generalization issues. A
recent training-free method, NoVo, addresses
this challenge by exploiting statistical patterns
from the model itself. However, it focuses
exclusively on attention mechanisms, poten-
tially overlooking the MLP module—a core
component of Transformer models known to
support factual recall. In this paper, we show
that certain value vectors within MLP modules
exhibit truthfulness-related statistical patterns.
Building on this insight, we propose TruthV, a
simple and interpretable training-free method
that detects content truthfulness by leveraging
these value vectors. On the NoVo benchmark,
TruthV significantly outperforms both NoVo
and log-likelihood baselines, demonstrating
that MLP modules—despite being neglected
in prior training-free efforts—encode rich and
useful signals for truthfulness detection. These
findings offer new insights into how truthful-
ness is internally represented in LLMs and mo-
tivate further research on scalable and inter-
pretable truthfulness detection.

1 Introduction

Large Language Models (LLMs) have achieved im-
pressive performance across a broad range of tasks
(Brown et al., 2020; OpenAI et al., 2024). However,
they often produce factually incorrect content—a
phenomenon known as hallucination—which can
mislead users and undermine trust in real-world
applications. These risks have motivated grow-
ing interest in detecting the truthfulness of model-
generated content as a means of mitigating halluci-
nations.

Most prior work approaches this goal by train-
ing probes on internal activations of LLMs to clas-
sify content as truthful or untruthful (Azaria and
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Figure 1: (a) illustrates the data flow through the MLP
module when processing truthful content, which trigger
certain key activations to be higher or lower. (b) shows
an example of the argmax activation pattern where the
correct answer results in a higher key activation com-
pared to incorrect answers. The example is taken from
the TruthfulQA (MC1) dataset.

Mitchell, 2023; Marks and Tegmark, 2024; Li et al.,
2023; Liu et al., 2024; Yuksekgonul et al., 2024;
Chuang et al., 2024). However, these methods
require large amounts of labeled data and domain-
specific training, limiting their scalability and gen-
eralization to out-of-distribution (OOD) data (Liu
et al., 2024; Du et al., 2024).

To address these challenges, Ho et al. (2025)
recently proposed NoVo, a training-free method
that detects truthfulness by measuring the norms
of attention output—serving as statistical indica-
tors derived directly from the model. While effec-
tive, NoVo focuses exclusively on attention mecha-
nisms, implicitly assuming that other components,
such as the MLP module, do not encode similarly
informative signals. This assumption may over-
look important opportunities. The MLP module
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is a core component of Transformer models and
has been interpreted as key-value memories (Geva
et al., 2021). Prior work shows that its value vec-
tors support factual recall and encode interpretable
token-level concepts (Geva et al., 2022; Dai et al.,
2022), suggesting that they may also capture higher-
level properties such as content truthfulness.

Motivated by this possibility, we investigate
whether certain value vectors within MLP mod-
ules correlate with the truthfulness of content. Our
analysis reveals that some value vectors exhibit con-
sistent activation patterns when processing truth-
ful versus untruthful contents—either increasing
or decreasing in activation magnitude. We refer
to these as argmax and argmin patterns. These
value vectors are most prominent in the middle
and final layers of the model. While they encode
content-level truthfulness, they do not correspond
to interpretable token-level concepts, suggesting
that their signals are encoded in a more abstract
and distributed manner.

Building on these findings, we propose TruthV,
a simple and interpretable training-free method for
truthfulness detection. TruthV treats each selected
value vector as an individual predictor and ensem-
bles their outputs. Specifically, for each input,
it identifies the candidate answer that yields the
highest (or lowest) activation under the argmax or
argmin pattern. The final prediction is obtained by
aggregating these individual predictions across all
selected value vectors. On the NoVo benchmark,
TruthV achieves an average accuracy of 70.33%,
substantially outperforming both NoVo (61.67%)
and log-likelihood baselines (49.25%). These re-
sults demonstrate that MLP modules—despite be-
ing previously overlooked—encode rich signals
that support truthfulness detection without addi-
tional training.

2 Related Works

Truthfulness detection via internal probes. A
prominent line of work investigates the internal
activations of LLMs for truthfulness detection by
training probes (Alain and Bengio, 2017). These
studies demonstrate that truthfulness-related sig-
nals can be extracted from layer outputs (Azaria
and Mitchell, 2023; Marks and Tegmark, 2024;
Li et al., 2023), attention outputs (Li et al., 2023;
Liu et al., 2024), and attention weights (Yuksek-
gonul et al., 2024; Chuang et al., 2024). However,
probe-based approaches rely on labeled data and

training for each target domain, making them less
scalable and often vulnerable to poor generaliza-
tion on OOD inputs (Liu et al., 2024; Du et al.,
2024). In contrast, our work aligns with recent ef-
forts to detect truthfulness without training. NoVo
(Ho et al., 2025) shows that the norms of attention
head outputs can correlate with truthfulness and se-
lects attention heads based on this correlation using
simple statistics. Yet, such method focuses solely
on the attention mechanism, overlooking the MLP
module—a core component of Transformer archi-
tectures. We explore whether MLP modules also
contain statistical patterns that support training-free
detection.

Analysis of MLP modules. The MLP modules
of Transformer models have been increasingly stud-
ied as meaningful computation units beyond simple
feedforward layers. Geva et al. (2021) propose that
MLPs can be viewed as key-value memories, where
each column of the final projection matrix serves
as a value vector, and the corresponding non-linear
activation acts as its key. Building on this formu-
lation, Dai et al. (2022) find that key activations in
BERT correlate with factual knowledge expression
in cloze-style tasks. Geva et al. (2022) further show
that individual value vectors in GPT-2 encode in-
terpretable concepts (e.g., food or drink) and influ-
ence specific token predictions. While these works
suggest that value vectors encode meaningful and
sometimes factual information, they primarily fo-
cus on token-level concept associations. In contrast,
we explore whether value vectors encode not only
token-level concepts but also content-level prop-
erties such as truthfulness. Our work extends this
line of research by identifying truthfulness-related
value vectors and leveraging them for training-free
truthfulness detection.

3 Preliminaries

MLP module in LLMs. The MLP module is ap-
plied after the multi-head attention module in each
Transformer layer, serving to project representa-
tions to a higher-dimensional space and to intro-
duce nonlinearity through activation functions. Re-
cent LLMs commonly employ Gated Linear Units
(GLUs) and their variants as activation functions
(Shazeer, 2020). For example, Llama-2 (Touvron
et al., 2023), Llama-3 (Grattafiori et al., 2024) and
Qwen3 (Yang et al., 2025) adopt SwiGLU, and
Gemma-2 (Team et al., 2024) employs GeGLU.
With GLU-based activations, the output of the MLP
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module is given by

m =Wdown(f(Wgateh)⊙ (Wuph)), (1)

where h ∈ Rd is the input to the MLP, f denotes
an element-wise activation function, and ⊙ denotes
the Hadamard product. Here, Wgate,Wup ∈ Rd′×d

and Wdown ∈ Rd×d′ , where typically d′ > d.

Memory interpretation for MLP. Geva et al.
(2021) suggests that the MLP module can be inter-
preted as a key-value memory, where each column
of the final projection matrix Wdown acts as a value
vector, and the corresponding activation serves as a
key. Under this view, Eq. 1 can be reformulated as

m =
d′∑
i=1

kivi, (2)

where ki = f(wT
gate,ih)(w

T
up,ih) and vi = wdown,i.

Here, wgate,i, wup,i ∈ Rd are the ith rows of Wgate
and Wup, respectively, and wdown,i ∈ Rd is the ith
column of Wdown.

4 Identifying Truthfulness-related Value
Vectors

To investigate whether certain value vectors within
MLP modules are associated with content truth-
fulness, we focus on the task of multiple-choice
question (MCQ), where a model must select the
correct answer from a set of candidates. For each
question q with M candidate answers {ai}Mi=1, we
construct input sequences {[q; ai]}Mi=1, where the
prefix q is shared and variation in truthfulness is
confined to the answer suffix. These sequences are
then fed into the model to analyze how key acti-
vations vary with respect to the truthfulness of the
input.

4.1 Settings
Dataset. We utilize data from NoVo benchmark
(Ho et al., 2025), which includes various MCQ
datasets covering diverse topics, formats, and rea-
soning abilities. These datasets comprise Truth-
fulQA MC1 (TQA) (Lin et al., 2022) for evaluat-
ing truthfulness, CommonsenseQA 2.0 (CSQA2)
(Talmor et al., 2022) for commonsense reasoning,
QASC (Khot et al., 2020) for scientific knowl-
edge, SWAG (Zellers et al., 2018) and HellaSwag
(HSwag) (Zellers et al., 2019) for challenging com-
monsense sentence completions, SIQA (Sap et al.,
2019) for social reasoning, PIQA (Bisk et al.,

2020) for physical reasoning, CosmosQA (Cos-
mos) (Huang et al., 2019) for causal reasoning
in narratives, and CICERO V1 and V2 (CICv1,
CICv2) (Ghosal et al., 2022; Shen et al., 2022) for
multi-turn and strategic reasoning in dialogues. For
each dataset, NoVo provides an optimal instruc-
tion along with 30 labeled samples for exploitation.
These samples are drawn from the training set of
each dataset, except for TQA, which lacks a train-
ing set; its samples are taken from the the ARC-
Easy training set (Clark et al., 2018), making TQA
a zero-shot case. Following the NoVo’ setting, we
prepend the given instruction to [q, ai], ensuring a
uniform content format across examples. We use
the full training set of each dataset except for TQA
during this experiment.

Models. We utilize various modern instruction-
tuned LLMs in experiment, including Llama-2-7B-
Chat (Touvron et al., 2023), Gemma-2-2B-it (Team
et al., 2024), Llama-3.2-3B-Instruct (Grattafiori
et al., 2024), and Qwen3-4B (Yang et al., 2025).

Activation patterns triggered by truthful con-
tent. We hypothesize that certain value vectors
in the MLP modules encode information rele-
vant to truthfulness, and that their corresponding
key activations are strongly modulated depend-
ing on whether the content is truthful. Consid-
ering the formulation of the scalar key activation
ki = f(wT

gate,ih)(w
T
up,ih) (see Eq. 2), such mod-

ulation can result in either the highest or the low-
est activation across candidate answers for a given
question. We refer to these two cases as exhibit-
ing argmax and argmin activation patterns, respec-
tively.

Scoring and ranking value vectors. Based on
these activation patterns, we evaluate the ability of
each value vector to distinguish correct answers, in
order to identify those most aligned with truthful-
ness. Following prior work (Li et al., 2023; Marks
and Tegmark, 2024; Ho et al., 2025), we focus on
the final token of each input sequence. For the
argmax pattern, we compute the accuracy of each
value vector across the dataset D as:

1

|D|

|D|∑
i=1

[
(argmax

j
ki,j) = li

]
, (3)

where ki,j denotes the key activation for the jth
candidate in the ith MCQ, and li is the index of
the correct answer. We rank all value vectors by
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Figure 2: Accuracy of value vectors under both argmax and argmin activation patterns, ranked by argmax accuracy.
The red dash line denotes the random guess result of each dataset.

this score and select the top p as the most strongly
aligned with the argmax activation pattern. A sym-
metric procedure is used to identify value vectors
aligned with the argmin activation pattern, by se-
lecting those whose key activations are minimized
by the correct answer.

4.2 Results

Existence of truthfulness-related value vectors.
We compute accuracy rankings of value vectors
and consistently identify a small subset of them
that are strongly associated with truthfulness. As
an example, Figure 2 illustrates the results of vari-
ous model-dataset pair. While most value vectors
perform near the random baseline, a small subset
achieves significantly higher accuracy under the
argmax pattern—suggesting a reliable connection
to truthfulness. Conversely, some value vectors fall
below the baseline, likely because they align better
with the argmin activation pattern. To investigate
this hypothesis, we plot the argmin accuracy us-
ing the same argmax-based ranking. Interestingly,
we observe an opposite tend: as the argmax rank
increases, argmin accuracy also tends to increase.
This symmetry highlights the complementarity be-
tween the two patterns—value vectors that perform
poorly under one may align well with the other.
These results provide concrete evidence for the
existence of truthfulness-related value vectors in
LLMs.

Layer-wise distribution of truthfulness-related
value vectors. We next examine where in the
model these value vectors are concentrated. For
each dataset, we select the top 0.1% of value vec-
tors by accuracy, assuming these are the most in-
dicative of truthfulness, based on the above anal-
ysis. We then aggregate these value vectors and
analyze their distribution across the layers of each
model. As shown in Figure 3, these value vectors

are predominantly located in the middle and final
layers, and this trend holds consistently across dif-
ferent models. The distributions for both argmax
and argmin patterns are highly similar, again high-
lighting their underlying complementarity. Notably,
we observe no such vectors in the early layers,
indicating that truthfulness-related modulation is
largely absent from early processing stages and
begins to emerge in the middle layers. This obser-
vation aligns with prior work showing that internal
activations from later layers are especially infor-
mative for truthfulness detection (Li et al., 2023;
Marks and Tegmark, 2024; Azaria and Mitchell,
2023; Burns et al., 2023; Chuang et al., 2024).

Semantic interpretability of truthfulness-related
value vectors. Previous work has shown that
some value vectors in transformer models encode
human-interpretable concepts, such as names of
foods or drinks (Geva et al., 2022). These vec-
tors can be projected into the vocabulary space, en-
abling a rough approximation of their semantics by
identifying the tokens with which are most closely
aligned. Based on this perspective, we select the
value vector with the highest accuracy for each
dataset and assess whether it exhibits similar inter-
pretability. Following Geva et al. (2022), the value
vector v is projected into the vocabulary space via
r = Ev ∈ R|V|, where E is the output embedding
matrix of the model and |V| is the vocabulary size.
We then analyze the top-10 tokens with the highest
projection scores. Notably, we find no evidence
of surface-level semantic alignment between the
top-scoring tokens and the concept of truthfulness.
This contrasts with findings in GPT-2 under sim-
ilar projection-based analysis, where many value
vectors were aligned with interpretable concepts
(Geva et al., 2022). However, even in that study,
approximately 50% of value vectors could not be
matched to any identifiable concept. It is there-
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Figure 3: Layer-wise distribution of the top 0.01% most accurate value vectors across different LLMs.
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Figure 4: Key activation distributions of the most truthfulness-predictive value vector on the PIQA dataset.

fore plausible that the selected truthfulness-related
value vectors belong to this non-interpretable sub-
set, which may encode more abstract or distributed
properties. Moreover, differences in model archi-
tecture—such as the use of GLU-based MLPs in
modern LLMs compared to the GELU-based ones
in GPT-2—could further reduce the direct inter-
pretability of individual value vectors. Further-
more, t-SNE visualizations of these selected value
vectors reveal no clear clustering, further suggest-
ing that they do not form a semantically coherent
subspace.

Context-dependent key activations of
truthfulness-related value vectors. While key
activations associated with the truthfulness-related
value vectors systematically vary in magni-
tude—either increasing or decreasing—when
processing truthful versus untruthful inputs, it
remains unclear whether a consistent threshold can
reliably separate truthful form untruthful inputs.

We use the PIQA dataset, a two-choice QA dataset,
which enables the construction of balanced sets
of truthful and untruthful content for comparison.
Specifically, we select the value vector with the
highest accuracy on the training set and analyze
its key activations on the same data. As shown
in Figure 4, although these value vectors achieve
the highest accuracy, the distribution of their key
activations under truthful and untruthful content
largely overlap—a pattern observed consistently
across different models. This implies that the
question prefix determines the baseline range of
the key activation, whereas the answer suffix—i.e.,
the truthful or untruthful choice—modulates its
direction within that range.

5 TruthV: Training-free Truthfulness
Detection via Value Vectors in LLM

Our previous analysis has demonstrated the exis-
tence of truthfulness-related value vectors in LLMs.
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Building on these findings, we next examine how
these value vectors can be employed to detect the
truthfulness of content.

5.1 Settings

Datasets. We utilize data from NoVo benchmark
(Ho et al., 2025). In contrast to the previous sec-
tion, which used the full training set to select
truthfulness-related value vectors for analysis, we
here adopt the 30 provided examples for fair com-
parison with baseline methods.

Method. Previous studies have proposed ensem-
bling various truthfulness predictors to improve
prediction accuracy (Ho et al., 2025; CH-Wang
et al., 2024; Himmi et al., 2024). In our settings,
each value vector acts as an individual predictor.
We select the top-p value vectors based on their
individual performance on the 30 provided sam-
ples and ensemble their predictions. Since these
predictions are not expressed as normalized prob-
ability distributions, we follow the methodology
of Ho et al. (2025), by computing the mode of
the individual predictions. For the argmax pattern,
the c-th value vector predicts an answer by choos-
ing the candidate with the highest key activation:
ac = argmaxj k

c
j , where kcj is the key activation

corresponding to the c-th value vector when ap-
plied to the jth input [q; aj ]. We aggregate the
predictions {ac} via majority voting:

â = argmax
a∈M

Count(a, {ac}), (4)

where M is the set of all candidate answer indices,
and Count(a, ·) returns the number of times an-
swer a appears among the predictions. The final
predicted answer â is the one that receives the most
votes. A symmetric procedure is applied for the
argmin pattern.

Baselines. We compare our method against two
baselines: NoVo and Log-Likelihood (Ho et al.,
2025). NoVo leverages the 30 provided samples
to select a subset of attention heads. It uses the
norm of their output to make predictions, and the
predictions from the top-p heads are aggregated via
voting to obtain the final prediction. In the Log-
Likelihood method, the content with the highest
log-likelihood score is chosen as the final predic-
tion.

Metrics. Following the setting of benchmark, we
report accuracy as the evaluation metrics.

Implementation details. All experiments are
conducted on an NVIDIA A100-40G GPU.

5.2 Main Results

In Table 1, we present the overall performance of
TruthV and baseline methods on the NoVo bench-
mark. TruthV consistently achieves the best aver-
age accuracy across all four LLMs, outperforming
existing baselines by a significant margin. For in-
stance, under the argmax pattern, it achieves an
average accuracy of 70.33 on Gemma-2-2B-it, rep-
resenting an improvement of 8.66 points over the
previous best of 61.67. These gains are consis-
tently observed across both the argmax and argmin
patterns, which show only slight differences in ac-
curacy. Moreover, TruthV outperforms baselines
on 9 out of 10 datasets, which span diverse top-
ics, formats and reasoning abilities, highlighting its
robustness across tasks.

5.3 Ablations

Effect of the number of selected value vectors.
We examine the impact of the hyper-parameter
p, which controls the number of value vectors in-
cluded in the ensemble, by varying it from 0.01%
to 1%. As shown in Figure 5, performance im-
proves rapidly as p increases, reaching a peak at a
relatively small p, and then declines more gradually
as p continue to grow. However, the subsequent
drop in accuracy is relatively small. We hypoth-
esize that when p is too small, the selected value
vectors may be overly specific to the 30 labeled
samples used for selection, leading to poor gen-
eralization. In contrast, setting p too high may
introduce unrelated value vectors into the voting
pool, which degrades performance. We further ob-
serve that both activation patterns follow similar
performance trajectories across different p values,
indicating that their behavior with respect to en-
semble size is broadly consistent. In addition, we
observe that the optimal value of p varies across
LLMs. To identify a unified setting, we compute
the average accuracy across all four models and
find that the performance peaks around p = 0.001.
Accordingly, we adopt p = 0.001 for all models in
our experiments.

Effect of activation pattern. Table 1 has shown
that the value vectors selected under both argmax
and argmin activation patterns can detect the truth-
fulness of content. Here, we examine whether com-
bining their predictions can lead to further improve-
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Model Method TQA CQA2 QASC SWAG HSwag SIQA PIQA Cosmos CICv1 CICv2 Avg.

Llama-2-7B-Chat

Log-Likelihood 34.88 55.73 17.49 48.67 47.57 46.37 75.08 25.43 31.43 34.28 41.69
NoVo 70.01 55.41 43.63 68.67 59.80 60.03 69.75 52.19 35.91 62.79 57.82

TruthV(argmax) 70.13 53.68 57.02 75.43 69.67 66.38 77.04 62.35 53.07 74.98 65.98
TruthV(argmin) 71.97 53.88 54.43 74.92 70.85 65.25 75.68 66.23 50.34 73.49 65.70

Gemma-2-2B-it

Log-Likelihood 47.00 58.84 60.26 53.28 48.21 49.13 76.66 29.48 32.90 36.78 49.25
NoVo 63.16 56.20 51.73 59.63 59.22 67.76 73.94 65.19 50.44 69.39 61.67

TruthV(argmax) 69.40 56.55 73.97 73.40 69.85 69.86 79.92 71.66 60.78 77.87 70.33
TruthV(argmin) 71.48 55.37 73.54 71.15 70.79 69.81 80.14 71.42 60.72 78.05 70.25

Llama-3.2-3B-Instruct

Log-Likelihood 39.29 58.76 53.35 49.84 48.30 49.28 74.37 30.12 29.12 33.82 46.62
NoVo 58.02 59.78 40.71 61.75 61.18 55.17 66.65 44.62 27.80 47.04 52.27

TruthV(argmax) 60.71 59.74 50.11 59.35 68.15 61.31 72.63 53.23 37.20 57.84 58.03
TruthV(argmin) 55.45 59.62 39.63 58.70 66.24 60.70 69.48 52.86 37.01 55.10 55.48

Qwen3-4B

Log-Likelihood 35.74 64.94 44.92 44.47 36.13 39.76 67.79 22.61 21.08 32.36 40.98
NoVo 68.67 57.50 66.74 68.30 59.69 65.61 73.07 59.60 43.14 70.31 63.26

TruthV(argmax) 67.32 60.57 76.24 74.42 71.34 69.04 80.90 65.96 59.40 77.62 70.28
TruthV(argmin) 67.81 60.72 75.70 73.96 70.28 68.78 80.36 63.92 59.44 76.87 69.78

Table 1: The overall performance of various methods on the NoVo benchmark. For each dataset, the best results are
marked in bold.
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Figure 5: Performance of TruthV across varying p, where the accuracy is averaged over all datasets.

ments. Specifically, we aggregate the predictions
from both activation patterns and perform majority
voting over the combined sets. As shown in Figure
5, the optimal ensemble size for the combined pat-
tern follows a similar trend to those observed for
the individual argmax and argmin patterns. More-
over, the combined pattern slightly outperforms
both individual patterns. This marginal improve-
ment suggests that the value vectors selected by the
two activation patterns largely encode overlapping
information, but also contribute minor complemen-
tary signals.

5.4 Analysis

Efficiency of selection. The results of the above
experiments demonstrate that even with only 30
samples, the selected value vectors yield competi-
tive performance. Intuitively, incorporating more
samples into the selection process should improve
the performance of TruthV. Therefore, we further
use the full training set of each dataset for selec-
tion (except for TQA, which lacks a training set).

Since training set sizes vary across datasets, we
search p from 0.01% to 1% and report the best
result for each dataset. We adopt the argmax ac-
tivation pattern throughout this experiment. As
shown in Table 2, using the full training set con-
sistently leads to better performance compared to
using only 30 samples. However, in a few settings
(e.g., Llama-2-7B-Chat on SWAG), the improve-
ment is marginal or even slightly negative. This
suggests that many truthfulness-related value vec-
tors are already ranked near the top with just 30
samples, such that adding more data provides lim-
ited benefit. In the most scenarios, while using
more data does improve the ranking of truthfulness-
related value vectors, TruthV already achieves com-
petitive results even under the low-resource setting,
suggesting that these value vectors are salient and
can be reliably identified with limited supervision.

Generalization ability of truthfulness-related
value vectors. Prior studies have found that
probing-based methods often exhibit limited gener-
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Model Budget CQA2 QASC SWAG HSwag SIQA PIQA Cosmos CICv1 CICv2

Llama-2-7B-Chat
30 53.68 57.02 75.43 69.67 66.38 77.04 62.35 53.07 74.98
All 58.40 64.79 75.32 70.69 68.78 79.82 69.51 60.43 79.15

Gemma-2-2B-it
30 56.55 73.97 73.40 69.85 69.86 79.92 71.66 60.78 77.87
All 59.35 74.73 74.61 73.84 71.14 81.01 72.50 65.14 79.54

Llama-3.2-3B-Instruct
30 59.74 50.11 59.35 68.15 61.31 72.63 53.23 37.20 57.84
All 61.71 71.60 70.82 71.52 67.04 75.57 65.86 53.23 76.16

Qwen3-4B
30 60.57 76.24 74.42 71.34 69.04 80.90 65.96 59.40 77.62
All 63.60 78.40 75.45 72.42 72.11 80.58 67.71 63.83 80.29

Table 2: Performance comparison of different budget in selecting truthfulness-related value vectors, under the
argmax activation pattern.

Source↓Target→ CQA2 QASC SWAG HSwag SIQA PIQA Cosmos CICv1 CICv2

CQA2 59.35 63.07 65.67 63.88 67.81 75.46 64.29 42.82 57.77
QASC 58.52 74.73 69.39 67.19 68.63 80.25 68.51 48.83 60.01
SWAG 58.60 71.92 74.61 72.29 68.63 80.69 67.07 52.24 64.93
HSwag 58.91 71.49 72.31 73.84 68.78 80.58 65.16 53.79 63.08
SIQA 58.13 64.36 67.94 67.49 71.14 79.11 64.89 53.20 71.13
PIQA 58.36 69.11 70.33 70.91 69.91 81.01 63.99 54.88 68.96

Cosmos 57.30 73.43 72.01 70.87 70.98 81.45 72.50 57.23 69.53
CICv1 58.13 68.36 73.83 71.06 70.68 80.30 62.58 65.14 73.95
CICv2 56.55 55.29 64.94 63.56 70.27 80.09 61.57 61.72 79.54

Random Guess 50.00 12.50 25.00 25.00 33.33 50.00 25.00 20.00 25.00

Table 3: Results of pair-wise generalization on Gemma-2-2B-it, under the argmax activation pattern.

alization across tasks (CH-Wang et al., 2024; Liu
et al., 2024). We further investigate how well the
selected value vectors generalize across datasets.
Specifically, we adopt the argmax activation pat-
tern and use the full training set from each source
dataset to select value vectors. These vectors are
then evaluated on the validation sets of other tar-
get datasets. As shown in Table 3, generalization
performance consistently exceeds the random base-
line, indicating that value vectors selected from one
dataset can transfer to others to some extent. How-
ever, in most cases, this cross-dataset performance
remains lower than that achieved by selecting value
vectors using just 30 samples of the target dataset.
These findings suggest that truthfulness-related
value vectors encode a mixture of task-general and
task-specific information.

6 Conclusion

In this paper, we investigate whether the MLP mod-
ules of LLMs encode statistical patterns related to
content truthfulness. Building on the key-value

memory perspective of MLP modules, we identify
specific value vectors whose key activations consis-
tently vary between truthful and untruthful inputs.
We propose TruthV, a simple and interpretable
training-free method to detect content truthfulness.
Experiments on the NoVo benchmark show that
TruthV significantly outperforms both NoVo and
log-likelihood baselines. Our findings demonstrate
that MLP modules contain interpretable patterns
that correlate with truthfulness and can be directly
exploited without additional training. This work
provides new insights into the internal structure of
LLMs and highlights the potential of leveraging
statistical patterns for scalable and interpretable
truthfulness detection.
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